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Abstract

User generated content (UGC) is an important aspect
of the internet [1, 2], influencing individuals’ online
behavior in a variety of ways [3]. UGC informs
purchases [4], aids investment decisions [5], provides

entertainment [6] and helps firms gather customer
intelligence [7]. Indeed, the demand for UGC seems to
be at an all-time high – recent reports note that
Facebook’s 1.4+ Billion users spend an average of 20
minutes per day browsing peer-generated content on the
site1, and YouTube, which now boasts more than 1
Billion users, claims the average mobile viewing session
extends more than 40 minutes in duration2. However, in
many cases UGC suffers from an under-provisioning
problem, despite its apparent value [8, 9]. UGC is scarce
because it is a public good; it is typically supplied
voluntarily, and its value is difficult for the producer to
internalize. This fact has been widely recognized both
in practice [10, 11] and academic work [8, 12, 13]. It has
even been reported that a mere 1% of the people who
consume UGC also actively contribute it – i.e., the “1%
rule” [10].
Stimulating users to contribute content is thus an
issue of prime importance for many online platforms.
Accordingly, a number of those platforms have been
experimenting with different interventions. For
example, LinkedIn informs its users of their popularity
ranking relative to peers [14], in an effort to instill
competition and thereby motivate people to improve
their profiles and engage more frequently with the
community. DangDang provides consumers with
monetary rewards in exchange for writing online
product reviews. FourSquare provides users with
badges recognizing their contributions and activity.
Many online communities, more generally, provide
users with features enabling them to craft online
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This study investigates whether and how a
platform’s provision of performance feedback to users
about their prior content contributions can help to
stimulate users’ subsequent contributions. We draw on
social value orientation theory to hypothesize how
different framings may impact users’ likelihood of
producing additional content. We partnered with a
major mobile crowdsourcing recipe platform based in
China to conduct a randomized field experiment
involving the delivery of feedback messages with
randomly determined framings, via mobile push
notifications. We find that feedback framed either prosocially or pro-self has a positive effect on content
contributions, whereas feedback framed competitively
has no such effect. Additionally, we observe differences
across genders, such that the positive effects of prosocially framed feedback are significantly stronger for
female users. In contrast, competitively framed feedback
is only effective for male users. Our findings provide
implications for the design of platform-provided
performance feedback to stimulate users' content
contribution.

1. Introduction
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reputation and social image [15]. Notably, however, the
efficacy of many of these design interventions remains
unclear, primarily because of a relative dearth of
rigorous academic research.
One intervention, in particular, that has yet to receive
significant consideration in the literature on content
production is the provision of performance feedback
[16]. Many platforms regularly provide feedback to
users about the value and quality of the content they
have supplied. As a few examples: Goodreads tells users
how many times their posts have been read in the prior
month; LinkedIn reports the number of other people
who have recently looked at a user’s profile; and
Makerbot Thingiverse informs users about the number
of times their 3D printing designs have been
downloaded or printed by others. Here we explore the
efficacy of this form of intervention, in terms of its
impact on users’ subsequent production of UGC. We
explore the nuances of feedback provision, proposing
that different message framings for performance
feedback will induce different effects in the user-base,
depending on users’ characteristics and inherent
preferences. In particular, we consider that, to maximize
the likelihood that a user contributes more content in the
future, if that individual is largely pro-social in nature it
likely makes sense to inform him or her about
performance in terms of the benefits others have derived
from his or her recent contributions. Alternatively, if an
individual is largely pro-self, or highly competitive, it
likely makes sense to inform him or her about
performance relative to other users.
In social psychology, social value orientation (SVO)
refers to the relative ‘weights’ that an individual places
on others’ welfare and his or her own [17, 18]. The
concept refers to individuals’ preferences for
combinations of outcomes as they relate to the benefits
derived by the self and others. Because individuals are
assumed to always be self-interested to some degree,
this results in a three-category typology of a) ‘prosocial’ (maximizing others gains), b) ‘pro-self’
(maximizing only the self), and c) competitive
(maximizing the self, relative to others). Ample
literature notes that SVO is highly correlated with
gender, with males exhibiting greater pro-self
tendencies and females exhibiting greater pro-social
tendencies. For example, Van Lange [18] observed that
“women were relatively more prevalent among prosocials and less prevalent among individualists and
competitors,” whereas Croson and Gneezy [19] report
that “women are more averse to competition than are
men.” Bearing the above in mind, we explore the
following research questions in this work:
(1) How and to what degree does performance
feedback stimulate user content contribution? How do

the effects on user content contribution vary with the
framing of feedback message?
(2) How does users’ gender interact with the framing
of feedback message (pro-social vs. pro-self vs.
competitive) in stimulating user content contribution?
To answer these questions, we partnered with a large
mobile crowdsourcing recipe application in China to
conduct a randomized field experiment. We randomly
varied the framing of performance feedback messages,
which were delivered to users of the platform via mobile
push notification. Subjects were randomly assigned to
one of four conditions: pro-social (e.g., you helped x
other users), pro-self (e.g., “you are in the top x%”),
competitive (e.g., “you beat 1-x% other users”), and
control (i.e., no performance feedback) (see Figure 1 in
Section 4 for a visual depiction). Notifications were
issued every Saturday over the course of a 7-week
period. We observed each users’ subsequent content
contributions and found a number of interesting results.
Overall, pro-socially-framed feedback drove the largest
proportional increase in content generation, followed
closely by pro-self-framed feedback. In contrast, in the
general population, we observed no significant effects
from competitively-framed feedback relative to the
control condition. However, when we explored
heterogeneity in the effects across genders, we observed
interesting differences, consistent with our expectations.
First, the proportional increase in UGC production from
pro-socially framed feedback was much stronger
amongst females than males. Conversely, we find that
the non-significant result around competitively-framed
feedback derived largely from a lack of response
amongst females; we do observe a significant positive
increase in UGC production from this treatment
amongst males. Our findings with respect to pro-selfframed feedback are mixed, in that we observe
significant positive responses amongst both genders,
with a significantly stronger effect on the part of
females.
This study makes a number of important
contributions to both the academic literature and to
practice. First, we contribute to the literature by
demonstrating a clean causal effect of platformprovided performance feedback on users’ subsequent
UGC
production.
Moreover,
we
document
heterogeneous treatment effects that depend upon a
user’s gender and its interaction with the framing of the
feedback message, in line with the SVO theory. From a
practical perspective, we demonstrate the value of
accounting for user characteristics in the design and
delivery of personalized communications, which
platform operators could utilize to optimize their
messaging strategies when engaging with a user base.
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2. Theory & Hypotheses

with respect to peer recognition, social image, social
comparison and social exposure.
Though there is a considerable body of research on
the subject of performance feedback more generally,
very little work in the field of Information Systems (IS)
has explored its benefits in the context of voluntarily
supplied online public goods, with two notable
exceptions described above [16, 24]. We therefore seek
to build on the findings of these prior studies to
understand how performance-feedback can be used to
the greatest effect. In so doing, we address a number of
open questions. For example, we address the possibility
that the public good nature of UGC [8] may lead
particular (e.g., pro-social) message framings to be more
effective. Moreover, we explore the role gender
differences might play, and how gender and message
framing might combine to determine individuals’
subsequent UGC contributions. By addressing the latter
question, we build not only on the IS literature; we also
contribute back to the broader literature on performance
feedback, which has yet to consider these relationships.

2.1. Performance Feedback
The literature on online UGC production has
focused primarily on fostering sustained participation.
A number of studies have explored factors that impact
participation in online settings (e.g., [20]), identifying a
series of motivational factors, such as group size and
audience effects [21], community commitment [22],
social networks and peer influence [23] and system
design features, most notably with respect to the
delivery of performance feedback [16, 24]. It is the latter
factor that we focus upon in this work.
Performance feedback is a commonly used approach
to motivate individual performance in a variety of
settings [25-27], and numerous empirical studies speak
to its efficacy [25-28]. For example, work by Tran and
Zeckhauser [27] and by Bandiera et al. [28] reports that
providing performance feedback to students
significantly improves academic achievement. Other
work has shown that supplying sales people with
performance feedback helps to facilitate learning and
perseverance [29], implying greater efficiency and
efficacy in sales interactions, and thus sales growth [26].
In our particular context, voluntary online contributions,
past work tells a similar story. Moon and Sproull [16]
discussed the value of systematic performance-related
feedback and found that the presence of such feedback
had a distinctly positive effect on solvers (contributors)
sustained participation and the quality of answers they
provided over time.
At the same time, the broader literature suggests that
the benefits of performance feedback are somewhat
nuanced. Kluger’ and DeNisi’s [30] meta-analysis of the
literature observes that performance feedback does not
always provide benefits; its effects are heterogeneous
and highly contextual. The effects depend on how
feedback is provided [31] and the personal traits of the
recipient [32, 33], amongst a host of other factors. Some
recent research highlights in particular that the framing
of feedback information [34] and the gender of the
recipient [25] can play an important role in determining
recipient response. Jabr et al.’s [24] confirm these
observations. These authors examined two alternative
approaches to recognizing the contributions of solvers:
feedback-based recognition, wherein the quality of
answers was directly evaluated by questioners, and
quantity-based recognition, wherein answers were all
treated as equally valuable, regardless of questioner
evaluations. These authors observed that the efficacy of
feedback-based recognition was heterogeneous,
depending heavily on solvers’ situation and preferences

2.2. Social Value Orientation Theory and the
Role of Gender
SVO speaks to the relative ‘weights’ that an
individual places upon his or her own welfare, and that
of others [17, 18]. That is, the theory holds that
individuals maintain heterogeneous preferences for
combinations of outcomes as they relate to the benefits
derived by the self and others. Because individuals are
assumed to always be self-interested to some degree,
this heterogeneity results in a three-category typology of
individuals as inherently a) ‘pro-social’ or cooperative
(maximizing others’ gains, in addition to one’s own), b)
‘pro-self’ or individualistic (maximizing one’s own
gains, indifference with respect to others’ gains), and c)
‘competitive’ (maximizing one’s own gains, relative to
or at the expense of others). Thus, a pro-social
orientation, otherwise known as a cooperative
orientation, refers to an individual’s joint maximization
of his or her own payoffs and those of others [35], a
‘pro-self’ orientation refers to an individual’s
maximization of his own payoff, without consideration
to the payoff of others [17, 36],and a competitive
orientation refers to an individual’s maximization of his
or her own payoff relative to that of others’ [10].
The notion of SVO aligns well with our research
context because it speaks, at one end of the spectrum, to
individuals’ motives for contributing to the public good,
helping others i.e., pro-social orientation, and, at the
other end of the spectrum, to individuals’ desire to build
image and reputation, which may derive from
outperforming other users i.e., competitive orientation
[37-39]. That is, on the one hand, contributing UGC can
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benefit the collective by providing more content for
others to consume, yet on the other hand, individuals
also obtain “image-related” utility by attracting a greater
share of peers’ attention [37-39]. In the context of online
UGC contribution, the literature suggests that social
motivation plays a predominant role [21]. As such, prosocial feedback message provides a strong confirmation
of contributors’ self-view. Self-verification theory [40,
41] suggests that such positive feedback strengthens
contributors’ motivation to take actions to sustain their
self-view, which in our context, is achieved by
continuing and strengthening their UGC contribution.
Previous literature further suggests that another major
motivation for UGC contribution is reputation and
social recognition [42]. Such motivations are selforiented and, as a result, pro-self framed performance
feedback help sustain contributors’ self-view in this
regard. Thus, we propose the following formal
hypotheses:

orientation and are more responsive to pro-self feedback
[57]. Furthermore, studies suggest that males respond
positively to competitive environment while females
fail to perform or shy away from environments in which
they have to compete [19, 46]. With the above in mind,
we therefore propose the following additional
hypotheses:
H2a: pro-socially framed performance feedback will
have a stronger effect for female users.
H2b:
pro-self
and
competitively
framed
performance feedback will have a stronger effect for
male users.

3. Methods
3.1. Research Context & Experimental Design
Our field experiment was executed in collaboration
with one of the largest mobile crowdsourcing recipe
companies in China (www.meishijie.net, herein referred
to as our corporate partner). Our experimental
treatments were designed to be delivered to subjects via
mobile push notifications. Push notifications are
commonly used by smartphone application operators to
deliver messages to the home screen of users’ smart
phones. Using push notifications to deliver our
treatments has a number of natural advantages over
other types of digital treatment delivery methods (e.g.,
email or SMS text). First, due to the large amount of
junk and spam emails related to promotions, many users
tend to ignore such emails [8]. Second, push
notifications are integrated with the mobile applications,
thus avoiding the concern of SMS text treatment being
spam messages.
Our push notifications were designed as part of the
company’s weekly notification system. Within the
application, push notifications (including a short
message) appear on the home screen or lock screen.
Once clicked or swiped, the user is taken to a landing
page within the mobile application, e.g., the home page,
or a specific recipe posting. The notifications we created
for our experimental treatments pertain to the
application’s recently released “Shi Hua” (Foodie Talk)
section. Foodie Talk is a functional component of the
recipe application, implemented in the main mobile
application interface (the second tab in Figure 1). By
tapping on the top left camera icon from the main
application screen, users can initiate posts related to
their cooking (implementation of a recipe) or ideas for
new recipes in the form of photos and text. The posts
become viewable in the Foodie Talk section of the
mobile application once they are submitted. Other users
can “like” and “comment” on those posts. For each

H1a: pro-socially framed performance feedback has
the strongest positive effect on user content
contributions.
H1b: pro-self-framed performance feedback has a
stronger effect on user content contributions than
competitively framed performance feedback.
At the same time, a great deal of work notes that
SVOs are likely to be highly correlated with individuals’
gender. For example, Gupta, Poulsen, and Villeval [43]
found that men tend to be more competitive than
women. This difference can be explained by a number
of factors. First, research has found that men tend to
exhibit lower risk aversion [19] and are more likely to
be overconfident [44, 45], because they focus primarily
on success and pay less attention to failure [45]. It has
therefore been found that competition increases the
performance of men, but not women [46-48].
A significant body of research in both economics
and social psychology also speaks to gender differences
in other-regarding preferences, pro-sociality or altruism.
These differences are generally explained in two ways.
First, females have been found to exhibit more sociallyorientated traits. It has been found that females tend to
feel more empathy [49] and exhibit greater sensitivity to
social cues [19] and others’ moods and affect [50].
Because females are more socially attuned, they are
more likely to notice others’ unfavorable circumstances
[51], and thus are more likely, in turn, to respond to
others’ needs. Consequently, females tend to be more
cooperative than males [52] and thus more likely to
contribute to the public good. Second, and conversely,
males are more likely to be pro-self [18, 53, 54].
According to the gender self-schema theory [55, 56],
males are more prone to exhibit a strong pro-self
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individual post, its current total number of comments
and total number of likes are shown in the right bottom
corner, near the comment icon and the heart icon.

Each user in the “pro-social” treatment group was
informed about how many other users had benefited
from his or her recent content postings. Each user in the
“pro-self” treatment group was informed about their
percentile rank (%) compared to other contributors,
based on aggregate consumption by others’ of the user’s
recent postings. Finally, each user in the “competitive”
treatment group was informed about the proportion of
other users on the site that he or she had outperformed
(%), again based on aggregate consumption by others of
the user’s recent postings.
Prior to implementing the experiment, we conducted
extensive interviews with users of the site to ensure the
validity of our treatment stimuli. The interviewees were
asked whether the designed messages effectively
primed them toward pro-sociality, pro-self or
competitiveness, and whether they felt a desire to
contribute more to the platform. These interviews
helped to ensure that the treatment messages would be
effective in stimulating additional content contributions
to the application.
Assignment of subjects to treatment groups was
performed one day prior to the first treatment delivery
(GMT+8 8PM on Nov 7, 2015). We worked directly
with the IT and marketing department of the corporate
partner to develop a standard procedure for delivering
our stimuli. Current Foodie Talk users were randomly
assigned using pseudo random number generators, with
the approach suggested by Deng and Graz [58]. The
randomization procedure was integrated into an
algorithm in the corporate partner’s IT system. In total,
2,3603 current users of Foodie Talk enter the
experiment4, in which 730 users provided gender
information on their profiles. Randomization checks
evaluating the validity of the randomization procedure
are ensured (omitted for brevity).

Figure 1. Foodie Talk Sample Page with Translations

Our treatments are intended to stimulate users’
posting volumes in the Foodie Talk section of the
application. We first designed a control (placebo) group,
wherein assigned subjects received a notification that
simply reminded them to login to the mobile
application. Additionally, we designed three treatment
group notifications. We provide the English translations
of these treatments in Table 1. The translations were
confirmed by three research assistant, fluent in both
English and Chinese.
Table 1. Treatment Messages
Group
Message
Control (no
"Dear, come visit Meishijie. All
performance
kinds of yummy food recipes are
feedback)
waiting for you."
Pro-social
"Dear, your Foodie Talk posts have
performance
been 'liked' 49 times. You have
feedback
provided cooking inspirations for
48 other users on Meishijie!"
Pro-self
"Dear, your Foodie Talk posts have
performance
been 'liked' 95 times. You are
feedback
ranked top 3% among all foodies
on Meishijie."
Competition
"Dear, your Foodie Talk posts have
performance
been 'liked' 122 times. You beat
feedback
98% other foodies on Meishijie."

3.2. Data & Empirical Specification
Besides the key dependent variable of user
contribution and group indicators, we also obtain data
on a number of user characteristics and behaviors, as we
described in Table 2.
Descriptive statistics (Means and standard
deviations) for our outcome variable and controls are
presented in Table 3 for our user-level analyses. We
observe users in each treatment group for a total of 7
weeks (49 days) from the initiation of the treatments.

3

4

This represent all the users who has initiated at least one post on
Foodie Talk.

Our corporate partner ensured that those users receive the
notifications.
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Table 2. Control Variable Definitions
Variable
Contribution
Gender
Age
num_recipe

tenure

num_followers
num_following

groups and again begin with a series of pairwise t-tests
comparing each subgroup. When then draw on a userday level panel to estimate a series of regressions,
wherein we evaluate the interaction between each
treatment indicator and a gender indicator. We also
introduce a series of user-level covariates, in the
interests of ensuring precision in our estimates. Our final
regression specification in that set of analyses is as per
Equation 2. In this case,
Contributionit= Treatmenti + Genderi +
Treatmenti*Genderi+Controlsi+Dayt+uit
(2)

Definition
Total number of postings per group
or per user in a day.
Male=1, female=0
Age of the user.
Total number of recipes the user has
posted.
We
performed
log
transformation for this variable due
to skewness.
Number of days passed since the
user’s initial registration date. We
performed log transformation for this
variable due to skewness.
Number of followers of the user. We
performed log transformation for this
variable due to skewness.
Number of users the particular user
follows.
We
performed
log
transformation for this variable due
to skewness.

3.3. Results
We begin by evaluating hypotheses H1a and H1b.
To assess these hypotheses, we consider group-level
outcomes. We begin by graphically depicting daily
average posting rates for each group in Figure 2. Here,
the height of each bar indicates the daily average
number of posts in each group, and the overlaid error
bars reflect the standard errors of the means.

Table 3. Descriptive Statistics (User level)
Variable

Mean

St.d.

Min

Max

Contribution

0.071

0.555

0.000

12.000

Gender

0.378

0.485

0.000

1.000

Age

25.844

6.837

15.000

60.000

Ln(num_recipe)

0.476

1.395

0.000

6.538

Ln(tenure)

4.495

1.006

1.792

7.584

Ln(num_followers)

1.056

1.379

0.000

7.367

Ln(num_following)

0.610

1.380

0.000

6.847

Our
analytical
approach
is
relatively
straightforward. We begin with group-level analyses,
aggregating daily average posting totals in each group.
Using this data, we perform pairwise comparisons (ttests) between groups. Subsequently, we perform a set
of panel regressions, wherein we regress daily group
posting volumes on a vector of group indicators. We
begin with a OLS regression, and we then also
incorporate a vector of day fixed effects to account for
possible unobserved temporal trends. Thus, our final
model specification is as per Equation 1. Here, i indexes
treatment groups, and t indexes time, in days. Thus,
Treatment is a treatment group indicator, and Day is a
vector of day indicators.
Contributionit= Treatmenti+Dayt+uit

Figure 2. Group Level Treatment Effects
Table 4 presents pairwise t tests between all groups.
Here, we observe some support for hypothesis H1a. The
Pro-Social group exhibits the highest average
contribution rate, and the difference between that rate
and the Competitive condition is significant (p < 0.001),
as is the difference between the Pro-Social condition
and the Control condition (p < 0.001). However, we do
not observe statistical significant differences between
the pro-social and pro-self treatments (p = 0.274). We
also observe support for hypothesis H1b; the difference
between the pro-self condition and the control condition
is statistically significant (p < 0.001), and positive, as is
the difference between the pro-self condition and the
competitive condition (p < 0.001). Finally, we observe
no statistically significant difference in contributions
between the Competitive condition and the Control
condition (p = 0.863). These results are consistent if we
employ the TUKEY method or a Bonferroni correction.

(1)

Following our initial group-level analyses, we break
our data down to a more granular level to evaluate our
hypotheses related to gender heterogeneity. We
aggregate our user-level data into treatment-gender

6
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Table 4. Pairwise Comparison of Group Differences
Pro-Social vs.
Control
Pro-Self vs.
Control
Competitive vs.
Control
Pro-Social vs.
Pro-Self
Pro-Social vs.
Competitive
Pro-Self vs.
Competitive

diff.

s.e.

t

Unadjus
ted

p Value
TUK
EY

8.47

1.06

7.98

0.00

0.00

0.00

7.31

1.06

6.88

0.00

0.00

0.00

0.18

1.06

0.17

0.86

1.00

1.00

1.16

1.06

-1.10

0.27

0.69

1.00

8.29

1.06

-7.81

0.00

0.00

0.00

7.12

1.06

-6.71

0.00

0.00

0.00

Bonferr
oni

begin by graphically presenting the individual level
differences in average daily posts across treatment
conditions (Figure 3). However, this time, we break the
results down by gender. As noted above, we only
observe gender for a subset of our users, thus our results
pertain specifically to those users. Similar to the
depictions in our group-level results above, the height of
the bars indicates the average daily posts per user in each
respective group, and the error bars indicate the standard
error of the means.
We once again observe results consistent with our
expectations. Most notably, we observe significant
heterogeneity in male and female responses to the
different treatments. Notably, both male users and
female users are more active after receiving the
altruism-related messages, and the effect is stronger for
female users.

Table 5 presents a regression analysis of our grouplevel data, employing a simple panel structure, wherein
we record a single observation per day for each
treatment group, reflecting total user contributions to the
Foodie Talk page. Column 1 presents a pooled OLS
regression of this dependent variable on group
indicators, where the Control group is treated as the
reference condition. Thus, the Constant estimate reflects
the average daily contribution in the Control group). We
observe a statistically significant effect in the pro-social
and pro-self groups, but not the Competitive group,
indicating that the former two groups are significantly
different from Control (p < 0.001), producing ~8.5 and
~7.3 more posts per day, respectively. In contrast, the
latter group, Competitive, exhibits no statistically
significant difference. Once more, performing pairwise
of significant differences between coefficient estimates,
we observe that the effect of the Pro-Social treatment is
not significantly greater than that of the pro-self
treatment (F = 1.30, p = 0.259), yet both the Pro-Social
(F = 75.87, p < 0.001) and pro-self (F = 45.13, p <
0.001) treatments are both significantly different from
the Competitive treatment.

Figure 3. Individual Level Treatment Effects for
Different Gender
We next analyze the data at the user level. We once
again conducted pairwise comparisons across all eight
groups (four treatment groups X two genders). Due to
page limit, these are omitted for brevity but are available
upon request from the authors. The pairwise
comparisons show evidence consistent with that
reported in our regressions below. We construct a userday panel and estimate the main and interaction effects
between treatment and gender on daily posting volumes.
The results of these analyses are consistent with our
group-level results, providing similar support for
hypotheses H1a and H1b. Next, considering the gender
effect, we observe that, on average, males contribute
less content than females. This is perhaps unsurprising,
as it indicates that females, who we expect to be more
pro-socially oriented, tend to be more willing to
contribute UGC, and thus to the public good.
Most interestingly, are the estimates we observe for
our interaction effects. These results indicate that,
compared with female users, male users respond more
strongly to the “Competitive” treatment, yet they
respond less strongly to the “Pro-Social” treatment.

Table 5. Regression Results: Treatment Effects
(Group Daily Average Posts)
Explanatory
Variable

Model (1)

Model (2)

Pro-Social
8.469*** (1.125) 8.469*** (0.988)
Pro-Self
7.306*** (1.091) 7.306*** (1.019)
Competitive
0.184 (1.037)
0.184 (1.106)
Constant
13.041*** (0.800) 13.041*** (0.644)
Observations
196
196
R-squared
0.362
0.452
Day Fixed Effects No
Yes
Notes: Robust standard errors in parentheses, *** p<0.001.

3.4. Gender Differences
We next examine hypotheses H2a and H2b, related
to the interaction between message framings (our
treatments) and user gender. To examine these
questions, we draw on user-level data. We once again
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These two findings provide support for hypotheses H2a.
Interestingly, however, we find evidence contrary to our
expectations for H2b. That is, we find that the effect of
the pro-self treatment is actually stronger for females
than for males. This may simply be a reflection of the
fact that the pro-self treatment is merely ‘more’ prosocial than the competitive treatment, in the sense that
individuals who are pro-self do not seek to maximize
their own gains at the expense of others. Thus, if we
view the treatments, from competitive, to pro-self to
pro-social as a sliding scale of increasing pro-sociality,
our results are readily rationalized.

characteristics (gender). Our findings demonstrate the
value of considering the nuances of treatment effects to
deliver personalized user interactions. More generally,
our study provides some additional empirical evidence
confirming the oft reported observation that female and
male users have different social value orientations. In
this sense, our work contributes to past work dealing
with SVO [17, 35].
Our work is of course subject to a number of
limitations. First, our study is conducted in the context
of crowdsourcing recipe application. While such a
context bears resemblance to many other UGC sites,
subtle contextual differences may limit generalizability
of the findings. Thus future research could explore the
effectiveness of performance feedback in other UGC
contexts. Second, we limited our considerations of
performance feedback to ones based on the SVO theory.
However, there are other forms of performance
feedback that future research could explore. Third,
although pro-social and pro-self performance feedback
messages were shown to stimulate users’ content
contribution in seven weeks, the long run effects of
performance feedback were not clear. It is likely that
such effects may decay over time. Therefore, future
research could examine the dynamic effects of different
types of performance feedback. Lastly, there may be
limited generalizability of the results to other contexts
and culture, which present substantial opportunities for
future research.

4. Discussion
We have drawn upon SVO theory to hypothesize
how different performance feedback messages may
interact with recipient gender to produce different
effects on individuals’ production of UGC. Conducting
a randomized mobile field experiment in partnership
with a large mobile online crowdsourcing application
based in China, we examined the causal effects of
different performance feedback messages delivered via
mobile push notification. Moreover, we have explored
heterogeneity in these treatment effects across user
genders. We demonstrate that pro-socially framed
performance feedback messages are particularly
effective at stimulating user content contributions in this
context. However, we also show that these effects vary
significantly across genders. We have found that female
users are more responsive to pro-socially framed
performance feedback, whereas male users are more
responsive to pro-self and competitively-framed
performance feedback.
Our research builds upon past work dealing with the
effects of performance feedback on individual
engagement by exploring the importance of feedback
message framing, recipient gender, and the interaction
between the two. We demonstrate the importance of
aligning message framing with a user’s characteristics
and preferences. Moreover, our work builds on past
research in IS on the design and implementation of
performance feedback mechanisms in online contexts
[16, 24], with an eye toward stimulating UGC
production. We identify important factors that platforms
should consider in the implementation of these
mechanisms, in order to optimize user response. In this
same vein, we also contribute to recent work in IS that
has examined interventions that businesses might
employ to stimulate greater production of UGC (e.g., [8,
9, 13]), to resolve the under-provisioning problem.
Additionally, whereas prior research has primarily
focused on the average effects of various monetary [59]
or social interventions [60], here we have uncovered
important heterogeneous treatment effects over user

5. Conclusion
With a mobile randomized field experiment, this
study empirically examines the effectiveness of using
different framings of performance feedback to stimulate
users’ content contribution in the context of a
crowdsourcing mobile application. When framed “prosocially” or “pro-self”, performance feedback could
effectively drive users towards the desired behaviors.
Based on the heterogeneous treatment effects, our study
also highlights the importance of gender differences in
designing such performance feedback. As some
conclusions were drawn, many open questions remain.
It is our hope that future research could build on this
work to further explore effective methods to incentivize
or stimulate UGC.
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